Accurate and up-to-date maps of seagrass biodiversity are important for marine resource management but it is very challenging to test the accuracy of remote sensing techniques for mapping seagrass in coastal waters with variable water turbidity. In this study, Worldview-2 (WV-2) imagery was combined with field sampling to demonstrate the capability of mapping species type, percentage cover, and above-ground biomass of seagrasses in monsoonal southern Thailand. A high accuracy positioning technique, involving the Real Time Kinematic (RTK) Global Navigation Satellite System (GNSS), was used to record field sample data positions and reduce uncertainties in matching locations between satellite and field data sets. Our results showed high accuracy (90.67%) in mapping seagrass distribution and moderate accuracies for mapping percentage cover and species type (73.74% and 75.00%, respectively). Seagrass species type mapping was successfully achieved despite discrimination confusion among Halophila ovalis, Thalassia hemprichii, and Enhalus acoroides species with greater than 50% cover. The green, yellow, and near infrared spectral channels of WV-2 were used to estimate the above-ground biomass using a multiple linear regression model (RMSE of 10.38 g¨DW/m 2 , R = 0.68). The average total above-ground biomass was 23.95˘10.38 g¨DW/m 2 . The seagrass maps produced in this study are an important step towards measuring the attributes of seagrass biodiversity and can be used as inputs to seagrass dynamic models and conservation efforts.
Introduction
Seagrass is widely distributed in tropical, sub-tropical, and temperate coastal waters around the world. Seagrass communities play a crucial role for ecosystem services and biodiversity in shallow coastal areas [1] because they provide nursery habitat for numerous juvenile fish and invertebrates and feeding grounds for dugongs and sea turtles, and also stabilize sediments, improve water clarity, and protect against coastal erosion [2] [3] [4] [5] [6] . However, seagrass ecosystems are threatened by natural disturbance and anthropogenic activities that have resulted in worldwide rapid declines of seagrass [7] [8] [9] .
Improved management and protection of seagrass are required to better understand the dynamic nature of these ecosystems, species composition, cover, and their biomass [2, 10] . Seagrass mapping is usually performed to derive biophysical properties of the seagrass beds such as 
Field Data Collection
The field data collection was carried out from 16 to 18 February 2014 under the protocols of the Survey Manual for Tropical Marine Resource [25] . This period was chosen for field data collection because of low tide conditions (i.e., approximately 1.0 m below mean sea level of Thailand) and also a 0.5 m water level difference with the satellite image acquisition time (i.e., approximately 1.5 m below mean sea level of Thailand). Line transect and some spot check methods were used for collecting spatially referenced benthic cover of the seagrass beds. Nine transect lines were chosen to cover the range of seagrass species and differences in the percentage cover levels throughout the seagrass area. The field data collected was used for the classification approaches and validation of the output seagrass maps. Digital photographs of 0.5 m × 0.5 m quadrats of the benthos (Photo-Quadrats) were captured at 20 m intervals for species and percentage cover.
The study area was characterized by small and patchy seagrass areas (especially, Halophila ovalis) with mixed species. If regular GPS was used the uncertainty would have been more than 10 meters horizontally and approximately 3 meters when using with Wide Area Augmentation System (WAAS) 
The field data collection was carried out from 16 to 18 February 2014 under the protocols of the Survey Manual for Tropical Marine Resource [25] . This period was chosen for field data collection because of low tide conditions (i.e., approximately 1.0 m below mean sea level of Thailand) and also a 0.5 m water level difference with the satellite image acquisition time (i.e., approximately 1.5 m below mean sea level of Thailand). Line transect and some spot check methods were used for collecting spatially referenced benthic cover of the seagrass beds. Nine transect lines were chosen to cover the range of seagrass species and differences in the percentage cover levels throughout the seagrass area. The field data collected was used for the classification approaches and validation of the output seagrass maps. Digital photographs of 0.5 mˆ0.5 m quadrats of the benthos (Photo-Quadrats) were captured at 20 m intervals for species and percentage cover. The study area was characterized by small and patchy seagrass areas (especially, Halophila ovalis) with mixed species. If regular GPS was used the uncertainty would have been more than 10 meters horizontally and approximately 3 meters when using with Wide Area Augmentation System (WAAS) [23] , but this technique was unavailable for the study area. Therefore, regular GPS was not appropriate for the study area. In the field we found that different cover types were very close together in small patches (i.e., each species of seagrass, sand, and mud). To make sure we correctly matched the spectral data from WV-2 and the geo-location of the field data, the coordinate of each of the sampling points was logged by a Topcon Hiper SR receiver using RTK positioning techniques (uncertainty less than one pixel of WV-2). The mapping control point was a station of the Thailand Department of Lands, located approximately 2 km away from the study area and used as the base station for positioning correction of RTK positioning technique. Three hundred and seventy data points were collected in total.
Above-ground seagrass biomass was measured in 0.5 mˆ0.5 m quadrats of sample sites located at 40-m intervals along the transect line. The samples were returned to the laboratory where they were sorted out into stems and leaves and dried at 70 degrees Celsius for five days, and then weighed to produce an area weighted biomass estimate (g/m 2 ) using standard methods [25] .
Seagrass percentage cover and seagrass species were calculated through an assessment of each digital photograph using Coral Point Count with Excel Extensions 4.0 (CPCe) [26] . This was done by placing 100 points on each photo in the regular grid. For each point in the photo, the seagrass or substrate type (i.e., seagrass species, mud, sand, algae) was determined and entered in the CPCe program for calculation of the percentage cover and the assigned dominant species composition of seagrass. The species label could be only one specified dominant species (which had the highest percentage cover) or a mixed species label, if multiple species were abundant within the same sample point. In our survey, we found six of the seven seagrasses reported for the area, namely Halodule uninervis, Halophila ovalis, Cymodocea rotundata, Cymodocea serrulata, Thalassia hemprichii, and Enhalus acoroides, with three dominant species in terms of abundance (Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii). Horizontally projected foliage cover of the seagrasses was calculated as a percentage of 100 points per photo-quadrat containing seagrass.
Remote-Sensing Data and Its Processing
A WV-2 (2 m spatial resolution) image with eight multispectral bands (Table 1) and an image acquisition date of 27 December 2013 was used in the study (Figure 1 ). The tide height at image acquisition was 1.5 m below mean sea level. The image was then re-projected into a UTM zone 47N and was geometrically corrected by using 16 ground control points (GCPs) gathered throughout the image, utilizing features that were easily identifiable landscape features. The aerial orthophoto (i.e., spatial resolution is 1 m) acquired in 2002 of the Phuket area, obtained from the Land Development Department, Ministry of Agriculture and Cooperatives, Thailand was used as the reference map for rectifying the WV-2 image. Under the geometric correction process, the nearest neighbor resampling technique was used for the geometric transformations to minimize the statistical properties changes of the datasets [27] .
The Root Mean Square Error (RMSE) of the georectified image was below the size of one pixel of WV-2 (i.e., 0.33 pixel). Radiometric correction to normalize satellite images for factors such as sensor degradation, Earth-Sun distance variation, incidence angle, view angle, and time of data gathering were applied to the image data. The process involved converting Digital Number (DN) into radiance using calibration coefficients (i.e., gain and offset of each band) that accompanied with the image metadata. The image was then atmospherically corrected and transformed to reflectance using the MOD-TRAN-based FLAASH (Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes) algorithm. This study therefore did not need water column correction because most of the seagrass in the area was not submerged due to the very low tide at the time of the satellite image acquisition. Very little of the seagrass in Paklok Bay would not be accounted for in this survey because nearly all the Remote Sens. 2016, 8, 292 5 of 18 seagrass (>90%) present grows intertidally [21] . Table 1 shows the summarized image details for the Worldview-2 images. The land areas above the high tide limit and water area at 2000 meters from the shore were masked in the final corrected image. 
Spatial Distribution of Seagrass Areas
To define the extent of the seagrass beds, a spatial distribution map was produced using the Maximum Likelihood Classification (MLC) approach using commercially available software (ENVI version 5.0). A maximum likelihood classification algorithm is one of the well-known parametric classifiers used for supervised classification [28] . MLC relies on the second-order statistics of a Gaussian probability density function model for each class [29] . The advantage of the MLC as a parametric classifier is that it takes into account the variance-covariance within the class distributions and for normally distributed data, the MLC performs better than the other known parametric classifies [28] . Three discrete classes were classified (i.e., seagrass, sand, and deep water) by using reflectance values from WV-2 as input for the MLC algorithm. The deep water area refers to the area below the lowest low water sea level of the study area («2.5 m below extreme low tide). The 370 collected field data points were randomly divided into two groups of data points (60% and 40%, n = 220 & 150) for the purpose of image-supervised classification and validation. The map and reference data (i.e., validation data) were compiled into an error matrix and used to calculate overall, user, and producer accuracies [30] . The seagrass boundary map developed in this section was used to determine the area of seagrass percentage cover and the species maps.
Percentage Cover and Seagrass Species Mapping
The seagrass species and percentage cover maps were created using the MLC method. The reflectance values from WV-2 were used as input for the MLC approach. The seagrass cover refers to the horizontally projected foliage cover of the seagrass, in other words the area of substrate covered by seagrass when viewed directly from above [18] . Four discrete classes were classified: 0%-25%, 26%-50%, 51%-75%, and 76%-100%. A total of 261 data points were available for the four ranges of seagrass cover; the data points were randomly separated into two groups (60% & 40%) for training the supervised classification and accuracy assessment (i.e., 169 and 99 data points for classification and accuracy assessment, respectively).
The mapping process used was similar to the supervised classification applied to create seagrass cover maps, with a selection of the sample sites being used as training sites for the following dominant species classes: Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii, as well as some commonly occurring mixtures of these species that were recognized from the photo-analysis results. The photo-quadrat photographs from the field survey were used to select areas appropriate as training sites for each seagrass species and substrate type. The sites dominated by individual species of seagrass were used to train the supervised classification. The total of 132 data points were available for classification (i.e., 80 and 52 data points for training and accuracy assessment, respectively). The seagrass boundary map developed in the previous section was used to determine the area of seagrass cover and the species maps (the deep water and sand classes were masked out).
Above-Ground Biomass Mapping
The Stepwise Multiple Linear Regression (SMLR) and Simple Linear Regression (SLR) analyses were applied to the above-ground seagrass biomass estimates, herein referred to as "biomass". The reflectance values from the corrected WV-2 image were extracted for each of the biomass sample sites using all the available wavebands for the image. The 46 sample biomass values were entered as the dependent variable and the reflectance values as the independent variable for SMLR analysis. In addition, the seagrass percentage cover of each above-ground biomass sample points from the field data (i.e., 46 data points, after the high mixed species sample points were excluded) were applied as independent variables of SLR to the biomass estimates. Both methods (i.e., SMLR and SLR analysis) were applied to all species and for each species model. Finally, the resultant regression function was then applied to each pixel in the image for producing a map of above-ground seagrass biomass.
Accuracy Assessments
Accuracy assessments were conducted for the percentage cover of seagrass, species, and biomass maps based on validation data from the field photo-quadrat analyses. The error assessment procedure of percentage cover and species composition of seagrass followed standard satellite image processing protocols. The confusion matrices and summary tables containing the overall and individual class accuracies (i.e., producer's and user's accuracies) and kappa coefficients were generated using ENVI version 5.0. The correlation coefficient values (R), scatter plots, and Root Mean Square Error (RMSE) were analyzed to evaluate the accuracy of the biomass estimation.
Results

Spatial Distribution of Seagrass Area
The spatial distribution map of seagrass, sand, and deep water was produced using the MLC method of WV-2 spectral bands ( Table 1 ). The accuracies of classification using different band combinations are shown in Table 2 . The coastal blue, green, yellow, red-edge, NIR-1, and NIR-2 band combinations provided the best accuracies. The overall accuracy and kappa coefficient of the classification were 90.67% and 0.84%, respectively. The producer's and user's accuracy of each class and complete confusion matrix are shown in Table 3 . The results in Table 3 indicate that the correct classification of seagrass by producer's and user's accuracy of seagrass was 87.64% and 96.30%, respectively. The classification results of the best spectral combination selected are illustrated in Figure 2 . The seagrass bed is spread along the coast as a band approximately 200 to 700 m from the shoreline. The total seagrass area was approximately 1.50 square kilometers. 
Percentage Cover Mapping
The MLC supervised classification was applied to create the spatial distribution of seagrass area maps. Four discrete classes were produced: 0%-25%, 26%-50%, 51%-75%, and 76%-100%. The 261 sample points were used for training the supervised classification and the rest of the sample points (i.e., 99 sample points) were used for an accuracy assessment. The classification accuracies from using different spectral combinations are shown in Table 4 . The coastal, green, red, red-edge, and NIR-1 band combinations provided the best accuracy results (see wavebands in Table 1 ). The overall accuracy and kappa coefficient of the classification were 73.74% and 0.64%, respectively. Table 5 lists the overall accuracy and producer's and user's accuracies produced using the test samples. Table 5 also shows the confusion factor between the 51%-75%, 26%-50%, and 76%-100% classes. Detailed seagrass cover classification maps ( Figure 3) were created with the defined training and test samples. Figure 3 shows that approximately 70% of the seagrass area had a percentage cover lower than 76% 
The MLC supervised classification was applied to create the spatial distribution of seagrass area maps. Four discrete classes were produced: 0%-25%, 26%-50%, 51%-75%, and 76%-100%. The 261 sample points were used for training the supervised classification and the rest of the sample points (i.e., 99 sample points) were used for an accuracy assessment. The classification accuracies from using different spectral combinations are shown in Table 4 . The coastal, green, red, red-edge, and NIR-1 band combinations provided the best accuracy results (see wavebands in Table 1 ). The overall accuracy and kappa coefficient of the classification were 73.74% and 0.64%, respectively. Table 5 lists the overall accuracy and producer's and user's accuracies produced using the test samples. Table 5 Remote Sens. 2016, 8, 292 8 of 18 also shows the confusion factor between the 51%-75%, 26%-50%, and 76%-100% classes. Detailed seagrass cover classification maps ( Figure 3) were created with the defined training and test samples. Figure 3 shows that approximately 70% of the seagrass area had a percentage cover lower than 76% (31% total area for 51%-75% covers, 32% total area for 26%-50% covers, and 7% total areas for 0%-25% covers). The area of dense seagrass cover (i.e., higher than 75% cover) was a long thin band spread along the shoreline in the central area of the seagrass area of the bay (dark green areas in Figure 3 ). The low cover patches (26%-50%) were mostly located in submerged areas and made a minor contribution to the total biomass.
OA (%)
Kappa coastal blue, blue, green, red, red-edge 68.69 0.57 coastal blue, green, red, red-edge, NIR-1 73.74 0.64 coastal blue, blue, green, red, red-edge, NIR-1 72.73 0.63 
Seagrass Species Mapping
Three discrete classes of dominant species (i.e., Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii) were classified using the MLC approach. The 80 sample points were used for training the supervised classification and the 52 sample points for accuracy assessment. The accuracy of classification using different combinations of spectral bands is presented in Table 6 . The coastal blue, green, yellow, red-edge, and NIR-2 spectral band combinations yielded the best accuracy of classification. The overall accuracy and kappa coefficient of the classification were 75.00% and 0.61%, respectively. Table 7 lists the overall accuracy and producer's and user's accuracies produced using the test samples. Table 7 also shows the confusion factor between species classes. The resulting seagrass species distribution map is shown in Figure 4 . The map shows that the three dominant species are spread over the shoreline except around the north, where Enhalus acoroides was not found. Approximately 63%, 23%, and 14% of areas are covered by Halophila ovalis, Enhalus acoroides, and Thalassia hemprichii, respectively. 
Above-Ground Biomass Mapping
SMLR Models with Spectral Bands as Independent Variables
The eight corrected spectral bands from WV-2 image and field biomass sampling points were used as the independent and dependent variables for SMLR analysis, respectively. For the whole species model, the analysis revealed the three most unique bands with the most information content to be green, yellow, and NIR-1; these bands were therefore used to estimate the above-ground biomass. An RMSE value of ±10.38 g/m 2 or ±10.38 tones/km 2 (R = 0.68) was calculated using the multiple linear regression model (see Figure 5a and Table 8 ).
The performance (R and RMSE) of estimation of above-ground biomass in each species model (i.e., Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii) are shown in Table 8 . The scatter plots of observed and estimated seagrass above ground biomass of all species, Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii species are illustrated in Figure 5 . The results in Table 8 and Figure 5 indicated that the performance of the SMLR models can be improved when analysis of each species is performed separately (RMSE are ±1.26, ±3.17, and ±4.06 g·DW/m 2 for Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii, respectively). These errors for the separate species are very small when compared to the RMSE of ±10.38 g·DW/m 2 calculated from the pooled data. 
Above-Ground Biomass Mapping
SMLR Models with Spectral Bands as Independent Variables
The eight corrected spectral bands from WV-2 image and field biomass sampling points were used as the independent and dependent variables for SMLR analysis, respectively. For the whole species model, the analysis revealed the three most unique bands with the most information content to be green, yellow, and NIR-1; these bands were therefore used to estimate the above-ground biomass. An RMSE value of˘10.38 g/m 2 or˘10.38 tones/km 2 (R = 0.68) was calculated using the multiple linear regression model (see Figure 5a and Table 8 ).
The performance (R and RMSE) of estimation of above-ground biomass in each species model (i.e., Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii) are shown in Table 8 . The scatter plots of observed and estimated seagrass above ground biomass of all species, Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii species are illustrated in Figure 5 . The results in Table 8 and Figure 5 indicated that the performance of the SMLR models can be improved when analysis of each species is performed separately (RMSE are˘1.26,˘3.17, and˘4.06 g¨DW/m 2 for Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii, respectively). These errors for the separate species are very small when compared to the RMSE of˘10.38 g¨DW/m 2 calculated from the pooled data. 
Simple Linear Regression with Percentage Cover as the Independent Variable
The percentage cover of each above ground biomass sample point was used as the independent variable for SLR analysis. The performance of each models (i.e., all species, Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii species) are shown in Table 8 . The scatter plots of seagrass percentage cover and seagrass above ground biomass of all species, Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii species are illustrated in Figure 6 . The results in Table 8 and Figure 6 indicated moderate to good relationships (R = 0.6-0.94) between seagrass percentage cover and above-ground biomass when each species was analyzed separately. In contrast, the results showed a poor relationship (R = 0.13) between seagrass percentage cover and above-ground biomass for the all species model where the information from each species was pooled. 
The percentage cover of each above ground biomass sample point was used as the independent variable for SLR analysis. The performance of each models (i.e., all species, Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii species) are shown in Table 8 . The scatter plots of seagrass percentage cover and seagrass above ground biomass of all species, Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii species are illustrated in Figure 6 . The results in Table 8 and Figure 6 indicated moderate to good relationships (R = 0.6-0.94) between seagrass percentage cover and above-ground biomass when each species was analyzed separately. In contrast, the results showed a poor relationship (R = 0.13) between seagrass percentage cover and above-ground biomass for the all species model where the information from each species was pooled. In addition, the results in Table 8 showed that the spectral bands that were selected by SMLR analysis provided better results for the above-ground biomass of seagrass estimation percentage cover than the SLR analysis. Figure 7 shows the map produced from the global above-ground biomass model (i.e., all three dominant species within one model). Finally, total above-ground biomass values of each pixel per total area were calculated. The results showed that the overall average total of above-ground biomass per square kilometer was 23.95 tons·DW/km 2 or 23.95 g·DW/m 2 (calculated from the average of all seagrass pixels per total area of seagrass) with an error (RMSE) of ±10.38 tons·DW/km 2 or 10.38 g·DW/m 2 . In addition, the results in Table 8 showed that the spectral bands that were selected by SMLR analysis provided better results for the above-ground biomass of seagrass estimation percentage cover than the SLR analysis. Figure 7 shows the map produced from the global above-ground biomass model (i.e., all three dominant species within one model). Finally, total above-ground biomass values of each pixel per total area were calculated. The results showed that the overall average total of above-ground biomass per square kilometer was 23.95 tons¨DW/km 2 or 23.95 g¨DW/m 2 (calculated from the average of all seagrass pixels per total area of seagrass) with an error (RMSE) of˘10.38 tons¨DW/km 2 or 10.38 g¨DW/m 2 . 
Discussion
Spatial Distribution of Seagrass Area
The selected bands combination (i.e., coastal blue, green, yellow, red-edge, NIR-1, and NIR-2) provided high overall accuracy and kappa coefficient values (90.67% and 0.84%, respectively). We found that the Paklok Bay seagrass bed extended over an area approximately 200 to 700 m from the shoreline. This was in agreement with the ground survey report of the seagrass status of Phuket [22] . The total seagrass area was 1.50 km 2 . Despite the fact that testing accuracy was as high as 90.67%, the study area was characterized by small and patchy seagrass areas with mixed species and several shrimp (prawn) farms along the coast discharging turbid waters (Figure 1) , so there were still noticeable difficulties in discriminating between the seagrass class and the sand class (i.e., the highlighted area in Table 3 ).
Percentage Cover Mapping
The coastal blue, green, red, red-edge, and NIR-1 wavebands data produced the 0%-25%, 26%-50%, 51%-75%, and 76%-100% seagrass percentage cover with the best accuracy. The overall accuracy and kappa coefficient of the classification were 73.74% and 0.64%, respectively. This study achieved a higher accuracy than previous studies in Moreton Bay, Australia [18] , which reported that seagrass cover mapping using Landsat 5 TM, QuickBird-2, and Airborne hyper-spectral (CASI-2) with four discrete classes (1%-10%,10%-40%, 40%-70%, and 70%-100%) only yielded 35.89%, 30.86%, and 45.64% accuracy, respectively. Later, Lyons et al. [12] reported accuracies of 59.00% and 62.00% 
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Spatial Distribution of Seagrass Area
Percentage Cover Mapping
The coastal blue, green, red, red-edge, and NIR-1 wavebands data produced the 0%-25%, 26%-50%, 51%-75%, and 76%-100% seagrass percentage cover with the best accuracy. The overall accuracy and kappa coefficient of the classification were 73.74% and 0.64%, respectively. This study achieved a higher accuracy than previous studies in Moreton Bay, Australia [18] , which reported that seagrass cover mapping using Landsat 5 TM, QuickBird-2, and Airborne hyper-spectral (CASI-2) with four discrete classes (1%-10%,10%-40%, 40%-70%, and 70%-100%) only yielded 35.89%, 30.86%, and 45.64% accuracy, respectively. Later, Lyons et al. [12] reported accuracies of 59.00% and 62.00% for mapping cover of Moreton Bay between 2004 and 2007, whereas the recent study of Roelfsema et al. [10] reported that seagrass cover mapping of Moreton Bay, between 2004 and 2013 using WorldView-2, IKONOS, and Quickbird-2, had an average overall accuracy of 52%. Although this present study gained higher accuracy than previous studies of seagrass beds, it is hard to compare the accuracy with those three studies due to the differences of the environment, tidal level, satellite sensors used, and diversity of substrate, etc. In particular, in our study we were surveying a seagrass community restricted mostly to the intertidal zone and fully exposed at low tide. Most of the seagrass beds of Moreton Bay are subtidal. The leaves and stems of Enhalus acoroides species in Paklok Bay, which is generally located in the submerged area, did not project horizontally very well because its leaves do not lie flat on the substrate at low tide (Figure 1 ). This makes Enhalus acoroides difficult to measure or estimate in both field survey and by remote sensing methods.
Seagrass Species Mapping
The coastal blue, green, yellow, red-edge, and NIR-2 spectral channel combinations yielded the best accuracy of seagrass species classification (i.e., Enhalus acoroides, Halophila ovalis, and Thalassia hemprichii). The overall accuracy and kappa coefficient of the classification were 75.00% and 0.61%, respectively. Previous studies reported seagrass species mapping results of eight classes, using Quickbird and CASI, as only having 22.69% and 28.11% accuracies, respectively [18] . Lyons et al. [12] reported accuracies of 62.00% and 80.00% for mapping seagrass species of Moreton Bay (Australia) between 2004 and 2007 using Quickbird imagery. A recent study of Roelfsema et al. [10] achieved an averaged 77% species mapping accuracy (ranging from 71% to 83%) over 142 km 2 of shallow, clear water seagrass habitat (the Eastern Banks, Moreton Bay, Australia) using an object-based image analysis approach using Quickbird, Worldview-2, and IKONOS data. Although the present study achieved good accuracy, it is hard to compare our level of accuracy with the Moreton Bay studies due to differences of environments (e.g., size of the seagrass beds, the patchy distribution of seagrasses found in Paklok Bay, turbidity factors, tidal levels, diversity of substrates, and satellite data used, etc.). Despite the fact that we found a testing accuracy of 75% in our study, the difficulties in discriminating between the Halophila ovalis, Thalassia hemprichii, and Enhalus acoroides classes are still noticeable (i.e., the highlighted area in Table 7 ), resulting in low producer's accuracy of the Halophila ovalis class. Morphologically Halophila is a very small seagrass compared to Thalassia and Enhalus. This discrepancy also reflects the actual situation of the Halophila ovalis class in the field, where it is usually mixed with Thalassia hemprichii as an undercover layer, making it difficult to detect and discriminate ( Figure 1B ).
Above-Ground Biomass Mapping
The results showed that the spectral bands selected by SMLR analysis provided better estimates of the above-ground biomass of seagrass estimation than seagrass percentage cover with SLR analysis. Although the models of each species are better than for pooled datasets of all species using both methods (i.e., spectral bands with SMLR and seagrass percentage cover with SLR), there is a need to correctly classify the seagrass species of the area before application of the regression results to produce the biomass map. Biomass estimation by SLR analysis with seagrass percentage cover as independent variables is also needed to correctly estimate the seagrass percentage cover of the area. The spectral bands selected by SMLR analysis (i.e., green, yellow, and NIR-1) were used to estimate the above-ground biomass for all species. The multiple linear regression model provided the RMSE value of˘10.38 g/m 2 or˘10.38 tons¨DW/km 2 (R = 0.68) (see Figure 5 ). The characteristics of the study area (i.e., patch size, turbidity, percentage cover of seagrass, etc.) may have caused a lower accuracy of the model. Figure 3 shows that approximately 70% of the seagrass area has a percentage cover lower than 76%, with most of the seagrass area being mixed with sand. This makes it difficult to estimate the above-ground biomass from reflectance values because much of the total reflectance is from the sand rather than the biomass. This study reported the total above-ground biomass per square kilometer as 23.95˘10.38 g¨DW/m 2 or 23.95˘10.38 tons¨DW/km 2 . These values were higher than a study by Nakaoka et al. [31] that reported an average above-ground biomass of eight seagrass species at Haad Chao Mai National Park, Trang Province Thailand as 15.37 g¨DW/m 2 over intertidal areas and 10.64 g¨DW/m 2 for subtidal areas. A recent study of the seagrass bed in Trang Province, Southern Thailand [29] reported that the highest total biomass in the lower intertidal zone was 32.68˘6.33 g¨DW/m 2 . The lowest total biomass in the subtidal zone and in the lower intertidal zone was 16.60˘0.64 g¨DW/m 2 . Their upper and lower values thus straddle the overall mean value found in the present study. The lowest total and above-ground biomasses in the subtidal zone were 2.87˘0.88 g DW/m 2 and 1.33˘0.36 g¨DW/m 2 , respectively.
Seagrasses as well as mangroves are in global decline [9, 32, 33] . Whereas declines of mangroves have been recently documented in SE Asia, information on seagrass decline in SE Asia and tropical regions in general is not well documented [9, 32] . Much of the decline of mangroves in SE Asia has been a consequence of the expansion of aquaculture and agriculture and oil palm plantations [33] , all of which impact upon seagrasses through runoff, sedimentation and eutrophication [34] . Increasing turbidity and nutrient concentration in water are considered to be the primary cause of seagrass loss [8] . Based mainly on North American, European, Caribbean, and Australian data, but no SE Asian data at all, estimates of the current global decline in seagrasses are on the order of 7% per year [9] . This study has shown that it is possible to monitor intertidal seagrass distribution, percentage cover, species, and biomass using remote sensing methods. The information of the distribution, percentage cover, species, and biomass of the seagrass are crucial information for improved management and protection of seagrass area. Documented global declines in seagrasses, the lack of broad-scale information in SE Asia, and the replacement of mangroves with oil palm plantations and aquaculture facilities in habitats generally immediately adjacent to seagrasses (Figure 1) show that there is an urgent need to map existing intertidal seagrasses in the region and monitor any degradation [8, 9, 33, 34] . Intertidal seagrass beds are the more common type of seagrass bed found in monsoon SE Asia. Subtidal beds, found in clear water areas such as Trang, Thailand [16] , could be mapped and monitored using methods developed for Moreton Bay in subtropical Australia [5, 10, 12, 18] . Moreover, through the link between remotely sensed images and sediment and/or irradiance models, early warning systems may be developed to show those regions where growth conditions are deteriorating before the seagrass beds themselves display changes in cover or density [8] . In any case, monitoring the condition and extent of existing seagrass beds in SE Asia is a matter of urgency due to the large gap in information that is currently available.
Conclusions
This study confirmed the utility of high spatial resolution remote sensing data for mapping the spatial distribution, percentage cover, species composition, and above-ground biomass of intertidal seagrass in the south of Thailand, which is characterized by small and patchy seagrass areas with mixed dominant species, and generally turbid waters. Although most of the seagrass area was exposed, approximately 30% o was coated with silt-clay from turbid local watercourse discharge (Figure 1) , which creates difficulties for seagrass mapping. We found that the spatial distribution of seagrass can be correctly classified despite the remaining confusion between seagrass and sand due to the characteristics of the study area (i.e., patch size, turbidity, percentage cover of seagrass, etc.).
In terms of percentage cover, the remaining confusion was in the 26%-50%, 51%-75%, and 76%-100% classes, which caused an overall moderate level of accuracy. Similarly, high spatial resolution satellite data provided only moderate overall accuracy for seagrass species mapping due to confusion between the Halophila ovalis, Thalassia hemprichii, and Enhalus acoroides classes. The cause of this confusion was an overall low percentage cover of seagrasses in the study area. As a result, the above-ground biomass model showed a lower accuracy than found in several previous studies, where seagrass beds had much higher biomass. This study used a higher accuracy positioning technique, the Real-Time Kinematic (RTK) Global Navigation Satellite System (GNSS), that has an uncertainty of less than one pixel of the WV-2 (<2 m), to record the position of field data. This resolves the difficulties in some previous studies [17] in matching locations between satellite images and field data sets. The acquisition date and time used in this study occurred at very low tide conditions in the study area, and thus most of the seagrass area was not submerged and this study did not have to correct for water column properties of subtidal seagrasses. It should be noted that the remote sensing processes used vary depending on the environmental conditions of the study area (i.e., elevation, tidal level, etc.) The systematic approach presented in this study used a combination of high spatial resolution (2 m pixel) multispectral satellite imagery and detailed field data to create seagrass distribution, species, percentage cover, and biomass maps. For ecologists and managers, the seagrass information in these high spatial resolution maps can provide invaluable information about seagrass ecology and can be used for the management of protected areas and understanding of biodiversity, functioning, services, and future sustainability of seagrass, particularly in the case of sparse seagrass beds.
